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Supplementary Methods 

Artificial datasets 

In order to test and visualize how the algorithms could detect nonlinearity, we performed the 

analyses on two artificial datasets: (1) The Tripartite-Swiss-Roll dataset: an artificial dataset 

characterized by nonlinear structures and generated as discretization of the manifold associated to 

a Swiss-Roll function 1 in a three-dimensional (3D) space. Indeed, it is a synthetic dataset obtained 

as the partition in three sections of a discrete Swiss-Roll manifold depicted in a three-dimensional 

space 1. It reproduces the typical nonlinearity (given by the Swiss-Roll shape) and the discontinuity 

(given by the tripartition of the manifold), that we do not see and that are often hidden in the 

multidimensional representation of our samples. See the illustration in the original 3D-space of the 

Tripartite-Swiss-Roll dataset in Fig. S1A. This dataset is useful to introduce readers, not expert 

with nonlinear data analysis, to the basic concepts of nonlinear dimension reduction and therefore 

to facilitate their understanding of the new proposed methodologies for nonlinear dimension 

reduction. And (2) A Microbial-like dataset: a synthetic dataset generated with the R function 

rmvzinegbin from the library SpiecEasi 2 that simulates a microbial OTU table. The dataset 

contains four different groups with 50 samples each and 200 features. Two type of noise were 

introduced with the aim to recreate non-linearity, strategy already applied - with a different purpose 

- in the study by Lo & Marculescu 3. The first type of noise introduces 0 elements to counts that 

are non-zero, whilst the second type introduces a deviation/noise from the true non-zero count. 
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Supplementary Figures and Tables 

 

Figure S3. The Tripartite-Swiss-Roll as an example of data nonlinear organization.  

A) Tripartite-Swiss-Roll; B) PCA; C) MDS (Bray-Curtis dissimilarity); D) NMDS (Sammon Mapping); E) 

MCE. The three different colours (red, blue and green) represent the three partitions of the Swiss-roll 

manifold. This figure shows the inability of PCA, MDS and NMDS to reveal the inner nonlinear structure 
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of the Tripartite-Swiss-Roll, which appears collapsed (B, D) or with a horseshoe shape (C) in comparison 

with an approach tailored for elucidate nonlinear structures MCE (E). 

 

 
Figure S4. Example of trustworthiness computation. The figure reports the null model distribution 

obtained for the MCE embedding separation by reshuffling 1000 times the labels of the Paroni Sterbini 

dataset. (A) Null model distribution for PSI-ROC; (B) null model distribution for PSI-PR. x-axis reports 

the respective PSI measure values; y-axis reports the density distribution values for the respective PSI 

measure. The vertical yellow lines denote the 95 percentile of the respective distributions. For the case of 

MCE embedding, the detected PSI-ROC and PSI-PR values (pointed by the arrows on the right tale of the 

distribution) are clearly significant (<0.05).     
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Figure S3. Nonlinear dimension reduction by t-SNE and Isomap applied to the Paroni Sterbini 

dataset. The plots report the best t-SNE and Isomap results based on PSI-ROC and PSI-PR for the 

separation of the three different groups (PPI-treated [blue points], untreated H+ [green points] and untreated 

H- [red points]), evaluated in the 2D embedding space. A) Best t-SNE embedding obtained with parameters 

dimension 19 and perplexity 14; B) Best Isomap embedding obtained with parameter k nearest neighbors 

of 21. Note that the sample labels were used in order to supervised select the best input parameters for each 

algorithm. 

 

Table S4. Results of unsupervised analysis on the ‘microbial-like’ synthetic dataset. Best results of 

unsupervised dimension reduction techniques according to PSI-ROC and PSI-PR, which are indices for 

evaluation of sample separation in the space of the first two dimensions of embedding. HD (high dimension) 

indicates the separability in the high dimensional space (no dimension reduction) and it represents a 

reference to compare with the separability after dimension reduction. Results are ordered from the best 

(top) to the worst (bottom) performance. For each PSI value, the respective trustworthiness is reported. 

Method PSI-ROC Trust PSI-PR Trust 

HD 1.00 0.0009 1.00 0.0009 

MCE 0.99 0.0009 0.99 0.0009 
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MDStyc 0.97 0.0009 0.97 0.0009 

MDSbc 0.96 0.0009 0.96 0.0009 

PCA 0.85 0.0009 0.85 0.0009 

NMDS 0.85 0.0009 0.85 0.0009 

MDSwUF 0.83 0.0023 0.83 0.0020 

 

Note:  all PSI-ROC and PSI-PR values can be found in Supplementary Table S20 

Abbreviations: HD: High Dimension; MCE: Minimum Curvilinear Embedding; MDSbc: 

Multidimensional Scaling with Bray-Curtis dissimilarity; MDSwUF: Multidimensional Scaling with 

weighted UniFrac distance; NMDS: Non-metric Multidimensional Scaling; MDStyc: Multidimensional 

Scaling with Theta-YC distance; PCA: Principal Component Analysis; PSI-ROC: Projection Separability 

Index measured by Area Under the Curve; PSI-PR: Projection Separability Index measured by Area Under 

the Precision Recall; Trust: Trustworthiness. 
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Figure S4. LDA analysis of gastric biopsies dataset (Paroni Sterbini et al.). The cross-validation test 

showed that this constrained technique could re-assign samples to their three groups with 54% of error, 

confirming its statistical invalidity for the small size dataset problem. 
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Figure S5. Pairwise PCA of the Tripartite-Swiss-Roll. (A-C) PCA was applied to three subsampled 

versions of the Tripartite-Swiss-roll, each corresponding to the combination of two groups: A) red vs blue 

groups; B) blue vs green groups; C) red vs green groups.  
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Figure S6. MCE on gastric biopsies dataset (Paroni Sterbini et al.), restricted to PPI-treated patients. 

The plot shows the MCE result (ncMCE) on the gastric biopsies dataset, restricted to PPI-treated patients. 

There is no internal separation of the samples related to H. pylori infection (PPI+ vs PPI-). 

 

 

 

 

PSI-ROC 

Method 

Paroni 

Sterbini 
Trust Amir3 Trust Amir4 Trust 

MCE 0.90±0.007 0.005±0.001 0.91±0.011 0.012±0.002 0.90±0.007 0.013±0.002 

HD 0.89±0.004 0.004±0.001 0.96±0.005 0.006±0.002 0.98±0.004 0.001±0.000 

PCA 0.85±0.005 0.011±0.001 0.88±0.008 0.019±0.005 0.87±0.007 0.021±0.004 

NMDS 0.85±0.004 0.011±0.001 0.86±0.007 0.026±0.004 0.85±0.007 0.028±0.004 

MDSbc 0.81±0.004 0.028±0.002 0.86±0.007 0.018±0.003 0.86±0.009 0.026±0.006 

MDSwUF 0.83±0.004 0.019±0.002 1.00±0.000 0.001±0.000 0.89±0.008 0.016±0.005 

MDStyc 0.84±0.005 0.015±0.002 0.87±0.007 0.016±0.002 0.86±0.010 0.022±0.005 

 

 

 

PSI-PR 

Method 

Paroni 

Sterbini 
Trust Amir3 Trust Amir4 Trust 

MCE 0.95±0.004 0.003±0.000 0.93±0.009 0.011±0.002 0.90±0.009 0.013±0.004 

HD 0.94±0.002 0.002±0.000 0.96±ß.005 0.004±0.001 0.99±0.004 0.001±0.000 
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PCA 0.90±0.004 0.006±0.001 0.90±0.008 0.013±0.003 0.89±0.007 0.014±0.004 

NMDS 0.90±0.003 0.006±0.001 0.88±0.008 0.018±0.003 0.88±0.007 0.013±0.003 

MDSbc 0.85±0.005 0.024±0.003 0.89±0.007 0.009±0.002 0.89±0.008 0.010±0.002 

MDSwUF 0.87±0.005 0.014±0.002 1.00±0.000 0.001±0.000 0.91±0.007 0.014±0.004 

MDStyc 0.90±0.004 0.007±0.001 0.89±0.007 0.009±0.002 0.89±0.008 0.012±0.003 

 

 

Table S6. Average PSI-ROC and PSI-PR best results and trustworthiness with standard error on the 

real datasets, when applying Leave-one-out-cross-validation (LOOCV). The table shows the average 

best results of PSI for sample separation in the space of the first two dimensions of embedding based on 

the well-known metrics Area Under the ROC-Curve (PSI-ROC) and Area Under the Precision-Recall curve 

(PSI-PR) (regardless of the normalization and type of correlation, and the type of MCE) performed in each 

of the three different datasets presented in the article (Paroni Sterbini, Amir3 and Amir4), with the 

respective standard error. This was done by applying Leave-one-out-cross-validation (LOOCV) where for 

each dataset the average results and the respective standard error are obtained from the best results of each 

leave-one-out cross-validation of the dataset (where one sample per time was removed from the dataset 

and then put back after the analysis was done).  

 

 

 

 

PSI-ROC 

Method 
Paroni 

Sterbini 
Trust Amir3 Trust Amir4 Trust mean 

HD 0.93 0.000999 0.92 0.000999 0.94 0.000999 0.93 

MDSwUF 0.84 0.008991 0.98 0.000999 0.88 0.000999 0.90 

MCE 0.83 0.006993 0.92 0.008991 0.91 0.000999 0.89 

PCA 0.92 0.000999 0.89 0.008991 0.83 0.008991 0.88 

MDStyc 0.83 0.014319 0.89 0.016983 0.84 0.016983 0.86 

NMDS 0.86 0.007659 0.88 0.016983 0.81 0.032967 0.85 

MDSbc 0.81 0.024642 0.88 0.016983 0.84 0.008991 0.84 
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PSI-PR 

Method 
Paroni 

Sterbini 
Trust Amir3 Trust Amir4 Trust mean 

HD 0.97 0.000999 0.92 0.000999 0.95 0.000999 0.95 

MCE 0.93 0.004662 0.94 0.008991 0.92 0.000999 0.93 

MDSwUF 0.88 0.003663 0.99 0.000999 0.90 0.000999 0.92 

PCA 0.96 0.000999 0.89 0.000999 0.86 0.000999 0.91 

NMDS 0.93 0.003663 0.90 0.015984 0.86 0.008991 0.90 

MDStyc 0.91 0.004329 0.90 0.007992 0.87 0.000999 0.89 

MDSbc 0.90 0.010656 0.90 0.015984 0.88 0.000999 0.89 

Note:  all PSI-ROC and PSI-PR can be found in Supplementary Table S8 

Table S7. PSI-ROC and PSI-PR results on the datasets after approximation to the negative binomial 

distribution. The table shows the best results of PSI for sample separation in the space of the first two 

dimensions of embedding, based on the well-known metrics Area Under the ROC-Curve (PSI-ROC) and 

Area Under the Precision-Recall curve (PSI-PR) (regardless of the normalization and type of correlation, 

and the type of MCE) performed in each of the three different datasets presented in the article (Paroni 

Sterbini, Amir3 and Amir4), after approximation to the negative binomial distribution, and the mean 

performance  across all the datasets. Trust denotes the trustworthiness computed for each PSI value. 

Results are ordered from the best (top) to the worst (bottom) method.  For Paroni Sterbini dataset, we show 

the results for three different labels (PPI-treated, untreated H+ and untreated H-). Instead, for Amir datasets, 

the p-values were computed for two groups, i.e. presence or absence of PPI treatment. 

 

PSI-ROC 

Method 
Paroni 

Sterbini 
Amir3 Amir4 mean 

HD 1 2 1 1.333333 

MDSwUF 4 1 3 2.666667 

MCE 5 2 2 3 

PCA 2 4 6 4 

MDStyc 5 4 4 4.333333 

NMDS 3 6 7 5.333333 

MDSbc 7 6 4 5.666667 
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PSI-PR 

Method 
Paroni 

Sterbini 
Amir3 Amir4 mean 

HD 1 3 1 1.666667 

MCE 3 2 2 2.333333 

MDSwUF 7 1 3 3.666667 

NMDS 3 4 6 4.333333 

MDStyc 5 4 5 4.666667 

MDSbc 6 4 4 4.666667 

PCA 2 7 6 5 

Table S9. Rank performance on the datasets after approximation to the negative binomial 

distribution. The table shows the rank performance of each method for each in index for sample separation 

in the space of the first two dimensions of embedding, based PSI-ROC or PSI-PR, for the three datasets 

presented in the article (Paroni Sterbini, Amir3 and Amir4), after approximation to the negative binomial 

distribution. Each rank is related with the results obtained in Table S7. The results are ordered by the mean 

performance (fourth column) from the best (top) to the worst (bottom) method. 

 

 

Accuracy 
Paroni Sterbini et al.  

(gastric biopsies) 

Amir3 et al. 

(esophageal biopsies) 

Amir4 et al.  

(gastric fluid) 

Mean 

performance 

MC-MCL 0.54 (0.58) 0.75 0.63 0.64 

MCL 0.58 (0) 0.69 0.75 0.67 

Note:  all values can be found in Supplementary Table S11 

Table S10. Clustering results on the datasets after approximation to the negative binomial 

distribution. The table shows the best results of clustering (highest accuracies, regardless of the 

normalization and type of correlation) by Markov Clustering (MCL) and Minimum Curvilinear Markov 

Clustering, with square rooting the distances, in each of the three different datasets presented in the article 

(Paroni Sterbini, Amir3 and Amir4 datasets), after approximation to the negative binomial distribution, and 

the mean performance (mean of the highest accuracies) across all the datasets.  
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For Paroni Sterbini dataset, we show the results for three clusters (PPI-treated, untreated H+ and untreated 

H-) and in brackets the results for four clusters (PPI-treated P&H+, PPI-treated P&H-, untreated H+ and 

untreated H-). Instead for Amir datasets, the accuracies were computed for two groups, related to presence 

or absence of PPI treatment. 

 

PSI-ROC 

Method 
Paroni 

Sterbini 
Trust Amir3 Trust Amir4 Trust mean 

HD 0.93 0.000999 0.92 0.000999 0.91 0.000999 0.92 

MDSwUF 0.85 0.008991 1.00 0.000999 0.89 0.016983 0.91 

MDStyc 0.86 0.003663 0.88 0.000999 0.86 0.000999 0.86 

PCA 0.88 0.003663 0.86 0.024975 0.84 0.016983 0.86 

NMDS 0.86 0.000999 0.86 0.024975 0.84 0.016983 0.86 

MCE 0.79 0.030303 0.84 0.012987 0.92 0.000999 0.85 

MDSbc 0.84 0.007326 0.88 0.000999 0.84 0.000999 0.85 

 

PSI-PR 

Method 
Paroni 

Sterbini 
Trust Amir3 Trust Amir4 Trust mean 

HD 0.97 0.000999 0.92 0.000999 0.92 0.000999 0.94 

MDSwUF 0.88 0.003663 1.00 0.000999 0.91 0.007992 0.93 

MDStyc 0.93 0.000999 0.89 0.000999 0.88 0.000999 0.90 

PCA 0.95 0.000999 0.85 0.03996 0.86 0.016983 0.89 

MDSbc 0.88 0.009324 0.89 0.000999 0.87 0.000999 0.88 

NMDS 0.91 0.000999 0.85 0.03996 0.86 0.008991 0.87 

MCE 0.83 0.043623 0.86 0.008991 0.91 0.000999 0.87 

Note:  all the P-values, AUC and AUPR can be found in Supplementary Table 13 

Table S12. PSI-ROC and PSI-PR results on the rarefied datasets. The table shows the best results of 

PSI for sample separation in the space of the first two dimensions of embedding, based on the well-known 

metrics Area Under the ROC-Curve (PSI-ROC) and Area Under the Precision-Recall curve (PSI-PR) 

(regardless of the normalization and type of correlation, and the type of MCE) performed in each of the 

three different datasets presented in the article (Paroni Sterbini, Amir3 and Amir4), after being rarefied, 

and the mean performance across all the datasets. Bold values represent a significant (<0.05) p-value. 
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 Results are ordered from the best (top) to the worst (bottom) method.  For Paroni Sterbini dataset, we show 

the results for three different labels (PPI-treated, untreated H+ and untreated H-). Instead, for Amir datasets, 

the p-values were computed for two groups, i.e. presence or absence of PPI treatment. 

 

 

PSI-ROC 

Method 
Paroni 

Sterbini 
Amir3 Amir4 mean 

HD 1 2 2 1.666667 

MDSwUF 5 1 3 3 

MDStyc 3 3 4 3.333333 

PCA 2 5 5 4 

NMDS 3 5 5 4.333333 

MDSbc 6 3 5 4.666667 

MCE 7 7 1 5 

 

PSI-PR 

Method 
Paroni 

Sterbini 
Amir3 Amir4 mean 

HD 1 2 1 1.333333 

MDSwUF 5 1 2 2.666667 

MDStyc 3 3 4 3.333333 

MDSbc 5 3 5 4.333333 

PCA 2 6 6 4.666667 

MCE 7 5 2 4.666667 

NMDS 4 6 6 5.333333 

 

Table S14. Rank performance on the rarefied datasets. The table shows the rank performance of each 

method for each in index for sample separation in the space of the first two dimensions of embedding, based 

on PSI-ROC or PSI-PR, for the three datasets presented in the article (Paroni Sterbini, Amir3 and Amir4), 

after being rarefied. Each rank is related with the results obtained in Table S12. The results are ordered by 

the mean performance (fourth column) from the best (top) to the worst (bottom) method. 
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Accuracy 
Paroni Sterbini et al.  

(gastric biopsies) 

Amir3 et al. 

(esophageal biopsies) 

Amir4 et al.  

(gastric fluid) 

Mean 

performance 

MC-MCL 0.58 (0.54) 0.81 0.75 0.71 

MCL 0.58 (0.42) 0.69 0.75 0.67 

Note:  all values can be found in Supplementary Table S16 

Table S15. Clustering results on the rarefied datasets. The table shows the best results of clustering 

(highest accuracies, regardless of the normalization and type of correlation) by Markov Clustering (MCL) 

and Minimum Curvilinear Markov Clustering, with square rooting the distances, in each of the three 

different datasets presented in the article (Paroni Sterbini, Amir3 and Amir4 datasets), after being rarefied, 

and the mean performance (mean of the highest accuracies) across all the datasets.  

For Paroni Sterbini dataset, we show the results for three clusters (PPI-treated, untreated H+ and untreated 

H-) and in brackets the results for four clusters (PPI-treated P&H+, PPI-treated P&H-, untreated H+ and 

untreated H-). Instead for Amir datasets, the accuracies were computed for two groups, related to presence 

or absence of PPI treatment. 
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Figure S7. PCA analysis reveals separation related to PPI-treatment in gastric fluid. Gastric fluid 

samples before (black dots) and after PPI treatment (red dots) are significantly separated along PC2 (p-

value <0.01). 
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Figure S8. PC-corr network to investigate the effect of PPI treatment on gastric fluid. The PC-corr 

network was constructed at cut-off 0.5 according to the loadings of PC2, since PCA could significantly (p 

< 0.01) separate gastric fluid samples in individuals before and after PPI treatment (Fig. S7), therefore 

reflects discriminative network modules related to PPI treatment. Red nodes indicate higher bacterial 

abundance following PPI treatment (↑after PPI tr.), while black nodes indicate higher bacterial abundance 

before PPI treatment (↑before PPI tr.). 
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Figure S9. PCA analysis reveals separation related to PPI-treatment in gastric mucosa, in the patients 

negative to H. pylori test. Linear dimensionality reduction by PCA separates the gastric biopsy samples of 

PPI-treated H. pylori-negative patients (P&H-) (black dots) from the ones of untreated H. pylori-negative 

patients (H-) (red dots) along PC2 and PC15 (significant p-value along PC2 = 0.014, p-value close to 

significance along PC15=0.054). 
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Figure S10. PC-corr network to investigate the effect of PPI treatment on gastric mucosa. The PC-

corr network was constructed at cut-off 0.5 according to the loadings of PC2 (panel A) and PC15 (panel 

B), since PCA could significantly/closely to significance (p-value along PC2=0.014, p-value along 

PC15=0.054) separate PPI-treated H. pylori-negative patients from untreated H. pylori-negative patients 

(Fig. S9). Therefore, the discriminative network modules are related to PPI treatment (without H. pylori 

infection). Red nodes indicate higher bacterial abundance in untreated H. pylori negative patients (↑HP-), 

while black nodes indicate higher bacterial abundance in treated H. pylori negative patients (↑PPI-). 
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Figure S11. The overlap between Amir et al. and Paroni Sterbini et al. networks, related to PPI 

treatment in dyspepsia, is statistically significant and hence it cannot be generated by a random 

process. To verify that the overlap between the two networks (violet circle in Figure 5 and 6) is statistically 

different from a random overlap, we performed a statistical test based on random resampling of the bacteria 

in the two networks (repeated 10,000 times). The distribution of the resulting overlap is shown in the above 

figure, where the red line denotes the 95% percentile hence the tail (red area) on its right sides includes all 

the overlaps that are significantly different (higher) from random-overlap (p-value<0.05). The overlap 

between Amir et al. and Paroni Sterbini et al. networks related to PPI treatment discrimination in dyspepsia 

(11 bacteria, violet line) is statistically significant (p-value=1.00e-04), because getting at random this 

intersection is rare. 
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Figure S5. In Paroni Sterbini et al. dataset, PCA analysis reveals separation related to H. pylori 

infection in gastric tissue, in the PPI-untreated patients. Gastric mucosal biopsy sample from H. pylori-

positive (H+) (black dots) and H. pylori-negative (H-) (red dots) PPI-untreated patients were seen to 

separate along the second principal component (PC2) (p-value=0.01).  
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Figure S13. PC-corr network to investigate the effect of H. pylori infection on gastric mucosa in 

Paroni Sterbini et al. data. The PC-corr network was constructed at cut-off 0.5 according to the loadings 

of PC2, since PCA could significantly (p-value=0.01) separate PPI-untreated H. pylori-negative patients 

from PPI-untreated H. pylori-positive patients (Fig. S12), therefore reflects discriminative network modules 

related to H. pylori infection in gastric mucosa. Red nodes indicate higher bacterial abundance in untreated 

H. pylori-negative patients (↑H-), while black nodes indicate bacterial abundance in untreated H. pylori-

positive patients (↑H+). 
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Figure S6. In Parsons et al. dataset, PCA analysis can significantly discriminate gastric mucosal 

biopsy specimens according to H. pylori-positivity. Gastric mucosal biopsy sample from normal stomach 

group with no evidence of H. pylori infection and PPI-untreated (Control, black dots) and H. pylori gastritis 

group positive to H. pylori infection and not using PPIs (HPGas, red dots) were seen to separate along the 

first principal component (PC1) (p-value<0.01). 
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Figure S15. PC-corr network to investigate the effect of H. pylori infection on gastric mucosal 

microbiota in Parsons et al. data. The PC-corr network was constructed at cut-off 0.5 according to the 

loadings of PC1, since PCA could significantly (p-value<0.01) separate patients in the normal stomach 

group (with no evidence of H. pylori infection and PPI-untreated, Control) from patients with H. pylori 

gastritis  (positive to H. pylori infection and not using PPIs, HPGast) (Fig. S14), therefore reflects 

discriminative network modules related to H. pylori infection in gastric mucosa. All the bacteria, that are 

represented by black nodes, have higher abundance in control group (↑Control), that is their abundance is 

decreased in the presence of H. pylori infection (↓HPGast). 
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Figure S16. The overlap between Paroni Sterbini et al. and Parsons et al. networks, exemplifying the 

effect of H. pylori infection on gastric mucosal microbiota, is statistically different from a random 

overlap. To verify that the overlap between the two networks (violet circle in Figure 7) is statistically 

different from a random overlap, we performed a statistical test based on random resampling of the bacteria 

in the two networks (repeated 10,000 times). The found intersection (8 bacteria, violet line) is significantly 

different (p-value=1.00e-04) from a random resampling overlap considering a level of significance of 0.05 

(with corresponding critical region in red and critical value denoted with red line), meaning the probability 

of obtaining at random the same intersection is very low. 

 



29 
 

 

Figure S17. Full PPI-affected bacteria-metabolite network in gastric environment of dyspeptic 

patients. Bacteria-metabolite network representation. Bacteria were derived from Fig.6 and represents the 

consensus network (confirmed in two datasets: gastric mucosa from Paroni Sterbini et al. 22 and gastric 

fluid from Amir et al. 21) with PPI-affected bacteria nodes that present information on metabolite 

interaction in [1]. Consequently, metabolite nodes are the metabolites in [1] interacting with the bacteria 

network; different node shapes and colours refer to different metabolite classes (carbohydrates, lipids, 

amino acids, glycolysis, amines, vitamins, miscellaneous), whereas bacteria colours were maintained from 

Fig. 6.  
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Figure S18. Full H. Pylori-affected bacteria-metabolite network in gastric environment of dyspeptic 

patients. First neighbor bacteria-metabolite network representation. Bacteria were derived from Fig.7 and 

represents the consensus network (confirmed in two different datasets of gastric mucosa: Paroni Sterbini et 

al. 22 and Parsons et al. 2) with H. Pylori-affected bacteria nodes that present information on metabolite 

interaction in [1]. Consequently, metabolite nodes are metabolites in [1] interacting with the bacteria 

network, with first neighbour metabolite expansion derived from KEGG pathways; different node shapes 

and colours refer to different metabolite classes (carbohydrates, lipids, amino acids, glycolysis, vitamins, 

miscellaneous), whereas bacteria colours were maintained from Fig. 7.  

 


